Abstract Established invasive species, such as European buckthorn (Rhamnus cathartica), pose a challenging problem for land managers who must decide when and how to control them. In order to make an informed decision land managers need to be able to predict the spread of these invasive species at local scales and without the need for excessive sampling. Our approach uses a hybrid model, combining habitat suitability and the presence of the invasive in neighbouring cells to predict the probability of a cell being invaded over time. A generalized linear mixed-effects model was used to create a habitat suitability model and a spread model. The habitat suitability model predicts the presence of buckthorn based on environmental characteristics and the results are used in the spread model. The spread model indicates that the invasion of buckthorn is influenced by the suitability of habitat and the presence of buckthorn in neighbouring cells. The success of the spread model suggests that this approach can be used to create a spatiotemporally explicit model with limited sampling effort.
Introduction
Invasive alien species pose a significant threat to biodiversity (Hulme et al. 2009; Kolar and Lodge 2001; Mack et al. 2000; Pejchar and Mooney 2009; Sala et al. 2001; Vitousek et al. 1997; Wilcove et al. 1998) . Consequently, much effort has been invested into predicting range expansions of these species to enable the planning of mitigation efforts (Bocedi et al. 2014; Fitzpatrick et al. 2012; Urban et al. 2008) . However, it is less clear whether the local control or elimination of already established invasive alien species is always necessary, worthwhile or possible (Bhagwat et al. 2012; Simberloff 2009 Simberloff , 2014 . Established populations of invasive species may be widespread in a given locale and require considerable effort to control thus creating logistical and financial challenges for land managers (Simberloff 2014) . To enable an informed decision about whether, how, and when to control invasive species, land managers should know the probability of further spread of the invasive species Electronic supplementary material The online version of this article (doi:10.1007/s10530-017-1504-3) contains supplementary material, which is available to authorized users.
as well as the probability of successful invasive species control (Epanchin-Niell and Hastings 2010) . Consequently, the goal of the current study was to develop a model of local invasive species spread that would help land managers to predict the spread of the targeted species and enable the creation of an effective management strategy for a given locale.
The distribution of invasive species is commonly modelled through habitat suitability models, which are created by relating the distribution of a species to the characteristics of the environment in which the species occurs (Jeshke and Strayner 2008) . This allows the probability of a species' occurrence at an unsurveyed site to be estimated (Pearce and Ferrier 2000) . These models are often called species distribution models (SDM) and they can be used to model the area that could potentially be covered by an invasive species without attempting to model the species' spread dynamics (Smolik et al. 2010 ). Many methods have been used to create SDMs but a review of SDMs conducted by Jeshke and Strayner (2008) found that there was no consistently superior method for creating such models. However, generalized linear mixed effects models (GLMM) are a useful option because they incorporate the information from both presence and absence data, are relatively easy to interpret, and account for the hierarchical nature of clustered data (Hastings et al. 2005; Thiele and Markussen 2012) .
Of course, information about habitat suitability alone is insufficient to produce spatio-temporally explicit predictions of how an invasive alien species will spread. SDMs also make an assumption that the species' distribution is at equilibrium across the landscape, which is not necessarily the case for invasive species, especially when invasions are in progress (Jeschke and Strayner 2008; Smolik et al. 2010) . Therefore it is useful to combine models of habitat suitability with spread models, called hybrid models (Catterall et al. 2012; Cook et al. 2007; Fennell et al. 2012; Smolik et al. 2010) . Spread is usually modelled in one of two ways, as a mechanistic model or a statistical model (Hastings et al. 2005) . Mechanistic models require estimates of all the factors that may influence the species spread, including fecundity, growth rate, time to reproduction, dispersal distance and availability of dispersal vectors (Hastings et al. 2005) . Statistical models on the other hand usually require presence/absence data for the species over a continuous spatial extent at multiple time points, in order to parameterize the model based on the observed rate of spread (Hastings et al. 2005) . Due to the time and resources needed to acquire this kind of data, the use of many statistical models has been limited to model spread over large regions at coarse resolution (Catterall et al. 2012; Cook et al. 2007; Fennell et al. 2012; Smolik et al. 2010) . Although mechanistic and statistical models are useful for informing answers to important questions regarding species range expansions, they are less helpful for guiding management practices of smaller areas such as individual parks or municipalities.
Here we describe the development and performance of a hybrid spatially explicit model for the spread of the invasive species European buckthorn (R. cathartica L.), subsequently called buckthorn. A barrier for using the previously discussed models to direct the management of invasive species in smaller areas is that they commonly assume that all propagules originate from existing sources within the modelled spatial extent. The current study sought to create a model of invasive species spread that requires minimal sampling effort and accounts for propagule sources outside of the modelled area. For this purpose, a traditional SDM was combined with a spread model. The spread model uses a generalized linear mixed-effects model (GLMM) to relate the probability of an area being invaded per time step to the presence of the invasive species in a neighbouring area and the suitability of the habitat; the probability of long-distance dispersal is included in the model intercept. The model was parameterized using buckthorn and habitat suitability data from the Region of Waterloo in South-western Ontario, Canada, as a case study area. Specifically, our objectives were to: (1) develop and parameterize a hybrid spatially explicit model for the spread of buckthorn using field data on historic population spread and habitat suitability, and (2) produce a useful tool for practitioners who wish to predict the probability of the spread of buckthorn in a specific area and use this information to develop effective management plans for this invasive species in their local area. Additionally, the model may be reparameterized for other invasive species and other geographic areas, given the availability of data on historic population spread and habitat suitability.
Methods

Study system
The case study species is European buckthorn, which is an invasive species in North America. Buckthorn was chosen for this study because it is well established within the study region and is a widespread problem throughout much of its North American range including South-central and Eastern Canada and the Northcentral and Eastern United States . Buckthorn is a dioecious shrub or small tree native to Europe, which was introduced to North America as an ornamental species in the early 1800s . Within its range buckthorn occupies a wide variety of sites including open areas, forest edges, forest interiors and drier areas of wetlands Kurylo et al. 2015) . Buckthorn has high fecundity and is distributed by birds and small mammals, which combined with its high germination rate, make it a fast spreading invader (Archibold et al. 1997; Knight et al. 2007; Mascaro and Schnitzer 2007) . Many bird species have been observed eating buckthorn fruit, and buckthorn stands that are associated with fences and perch trees indicate that the seeds survive the bird's digestive system and are released with their droppings Craves 2015) . Rodents might also transport buckthorn seeds to stores and forgotten seeds will germinate (Godwin 1936) . Dispersal distances can be extremely variable for different species of birds and are not well known for specific plant species but a typology by Vittoz and Engler (2007) gives estimates for the dispersal distance based on how the seed is carried and the plant type. For birds that ingest fruits and release seeds with their droppings they found that 50% of seeds will be dispersed within 400 m and 99% within 1500 m. For small rodents they found that dispersal is usually less than 30 m.
Buckthorn has several significant impacts on the ecosystems it invades. The ecological impacts of this species make its increasing abundance and swift dispersal a concern for land managers. One of the clearest impacts of buckthorn is that it alters soil chemistry by increasing nitrogen content, pH, total carbon, and water content ). These soil chemistry changes have a negative impact on arthropod communities, potentially affecting avian and mammal communities that depend on arthropod food sources ). Further, light levels and herbaceous plant cover are lower beneath buckthorn compared to other shrubs, impacting the regeneration of native plants ). Mascaro and Schnitzer (2007) found that buckthorn was becoming the dominant species at a variety of forested sites in Wisconsin. Buckthorn's competitive success indicates that it can suppress the growth of native hardwood species with commensurate impacts on timber and non-timber forest product industries (Derickx and Antunes 2013).
European buckthorn has negative impacts on agriculture primarily because it is a host for two crop pests: soybean aphid and oat crown rust. Soybean aphid is considered one of the most significant threats to soybean production in North America (Ragsdale et al. 2011 ). In the 2003 soybean aphid outbreak in Iowa it has been estimated that more than a quarter of a billion dollars was lost due to yield reduction and spraying costs (Pilcher et al. 2005) . A study by Bahlai et al. (2010) found that the ratio of buckthorn density to field area was the most important factor for predicting the early-season density of soybean aphids. Buckthorn is considered to be an important source for oat crown rust spores in temperate areas (Heimpel et al. 2010; USDA 2008) . Chong et al. (2008) found that fields near buckthorn populations had high severities of oat crown rust. According to the United States Department of Agriculture (2008) oat crown rust is the most damaging disease for oat globally.
The case study area is the Region of Waterloo, situated in the Grand River watershed in Southwestern Ontario, Canada. It is made up of three cities and four townships; the cities are highly urbanized while the townships are predominantly used for agriculture. Land in the Region of Waterloo is 65% devoted to agriculture with 75% of that agricultural land being used for the growth of crops, including corn, soy beans, canola, wheat and hay (Region of Waterloo, 2011). The remaining natural cover is primarily woodlots on land zoned as agricultural and protected areas. Surficial geological substrates of the region mainly consist of glacial till, sand, and gravel deposits (Ontario Geological Survey 1998 2008a) . During fieldwork it was noted that the undifferentiated land cover class also includes meadows where buckthorn is able to grow. Cells with undifferentiated land cover were still excluded from the analysis because including them would have led to all agricultural fields having a small probability of buckthorn invasion. This would be problematic because in many agricultural fields buckthorn is not able to grow. We also initially excluded all built-up land cover classes (i.e., builtup impervious, built-up pervious and transportation) from the sample region because they are less likely to contain buckthorn. In addition, bog, fen and marsh land cover classes were excluded because although they are present in the case study area, they are not common and therefore were not captured by the sampling process. All remaining forested natural and semi-natural land cover classes (i.e., forest, hedge row and plantation) were combined into one new land cover class called 'all forest.' Next, all forest was combined with swamp and they were then surrounded by a 400 m buffer. This process created the sampling region. These buffers were used to re-introduce some built-up lands into the sampling region because buckthorn can grow in urban backyards and is often found near urban natural areas (personal observation). These yards can be a seed source for natural areas. This procedure also re-introduced some areas of other previously excluded land cover classes to the sampling region (e.g., undifferentiated). Fifteen circular sampling areas of 400 m diameter were randomly located within the sampling region. Each sampling area was then overlaid with a grid of 25 m by 25 m to create 224 cells per sampling area (Fig. 1) . Portions of the sampling areas that overlaid land cover classes where buckthorn cannot grow were excluded from the analysis.
The sampling grid sizes were based on the expected dispersal distances of buckthorn seeds by birds and rodents. Rodents are expected to disperse seeds over less than 30 m, which is accounted for within a cell and its neighbours (Vittoz and Engler 2007) . Birds are expected to disperse 99% of seeds within less than 1500 m, therefore they are expected to be the main sources of long distance dispersal between cells that are greater than 75 m apart or from outside the 400 m sampling area (Vittoz and Engler 2007) .
Each sampling area cell was surveyed to determine the presence or absence of buckthorn. Cells were located in the field with a Juno Trimble SB GPS that was loaded with maps depicting the sampling areas and grid cells, and the complete area of each cell was scanned for buckthorn. The GPS had an accuracy of ±10 m. In each cell, an increment borer was used to take a stem core sample from the largest buckthorn identified by sight, and a field-based description of the cell's land cover was recorded. If buckthorn was present but the largest individual was less than 2.5 cm in basal diameter, it was not possible to take a stem core and instead only the presence of buckthorn was noted. Inaccessible cells were removed from the dataset.
All stem core samples were glued to wooden mounts and hand-sanded to a polished finish. Growth rings were counted using a dissecting microscope and buckthorn age was assumed to be identical to the number of growth rings. When the stem core missed the pith or the tree centre was rotten, the number of missing rings was estimated and added to the counted number of rings. To estimate the number of missing rings, the radius of the oldest ring was measured by matching it to a clear sheet with concentric rings of known radius. Then the growth rate of the three oldest rings was used to interpolate the number of missing rings (Ranius et al. 2009 ).
Growth rings of 590 tree cores were counted. To determine the intra-observer error in buckthorn age, 113 tree cores (19%) were randomly chosen from 10 mounts and recounted. Buckthorn ages from the first and second count were strongly correlated (Pearson's correlation: 0.947), and there was no evidence of systematic intra-observer age differences (mean difference -0.186 years, 95% confidence interval ±0.450 years; p value 0.416 for two-sided paired t test). We therefore considered our buckthorn age estimates reliable.
Habitat suitability
Habitat suitability was modelled using GLMMs. All analyses were done using ArcGIS 10.2 (ESRI 2014) and the statistical software R, version 3.1.2 (R Core Team 2014). Various R packages were used in the analysis; references to package sources are given the first time each package is mentioned. (R scripts are provided in Appendix A of electronics supplementary materials).
Initially, six habitat characteristics were considered as variables for the habitat suitability model including land cover class (Table 1) . We designed a specific land cover assignment procedure to account for the mismatch between the 15 m resolution of the SOLRIS land cover data (Ontario Ministry of Natural Resources 2008b) and the 25 m resolution of the sampling area grid cells. First, we calculated the area of each land cover class within each cell. Then, each cell was assigned a single land cover class according to the following rules: (1) A cell that contained any amount of forest, swamp or a mixture of forest and swamp, was assigned the land cover class with the greater area. (2) A cell that did not contain any forest or swamp, but contained any amount of built-up pervious or built-up impervious, was assigned the land cover class with the greater area. (3) A cell that did not contain any amount of forest, swamp, built-up pervious or built-up impervious, was assigned as other. This included land cover classes transportation, extraction, undifferentiated and open water. Cells assigned land cover class other were removed from the data set because they are assumed to have zero probability of containing buckthorn. These rules were developed based on a review of the literature and field observations of buckthorn presence Knight et al. 2007 ). All variables included as candidates for the habitat suitability model were chosen because there was some evidence available that they could be linked to the ability of buckthorn to grow. Compound topographic index, permeability, and surficial material were included because they are related to soil moisture, which is thought to impact buckthorn germination and growth (Kurylo et al. , 2015 . Nearest property line was included because buckthorn has been associated with hedgerows and perches such as fences, which are often found near property lines ). Distance to the edge of a forest patch was included as a habitat variable to serve as a proxy for environmental characteristics that often vary between the edge and the interior of forests. For example, light levels are usually higher near the edge of a forest and there is evidence for differences in nutrient availability and species composition (Vallet et al. 2010) . Distance to the edge of a forest patch was only calculated for cells within forested areas including the land cover class forest and swamp.
Following Hosmer and Lemeshow (2000) , a univariate logistic regression of each variable on the presence of buckthorn was completed first. For each regression, a likelihood ratio test and Wald test were performed to determine whether there was a significant difference between the univariate regression and a null model. All variables that showed a significant (p \ 0.25; value recommended by Hosmer and Lemeshow 2000) relationship with the presence of buckthorn were combined in a maximal model. GLMMs were used to account for the effect of the hierarchical sampling structure. First, the glmer function of the lme4 R package (Bates et al. 2014) was used to create a model with the sampling area as a random effect. The glmer function estimates the model parameters using maximum likelihood, which allows the model to be simplified by comparing nested models with likelihood ratio tests (Zuur et al. 2009 ). Subsequently, a backwards model selection from the maximal model was performed to determine the minimal acceptable model (Crawley 2007) . Then, the glmmPQL function of the MASS R package (Venables and Ripley 2002) was used to incorporate a spatial autocorrelation structure as well as the random effect. The glmmPQL function uses penalized quasi-likelihood to estimate model parameters and therefore could not be used for model simplification by likelihood ratio tests. The glmmPQL model was run with the same formula as the glmer model. The Akaike Information Criterion was used to compare non-nested models (Zuur et al. 2009 ). The Akaike Information Criterion was utilized because its use is widely mentioned in the literature and it is recommended for comparisons of non-nested models Thiele and Markussen 2012; Zuur et al. 2009 ). Spatial autocorrelation was tested by plotting the spatial autocorrelation in the Pearson residuals of the model predictions using the spline correlog function in the ncf R package. (Bjornstad 2013) .
To test the ability of the minimal habitat suitability model to discriminate between cells containing buckthorn and unoccupied cells, leave-one-out crossvalidation was performed. This process involved running the habitat suitability model with each sampling area removed in turn and then testing the habitat suitability model performance on the sampling area that was left out using the sperrorest R package (Brenning 2012) . The model's discrimination ability was quantified through measurement of the area under the receiver operating characteristic curve (AUC). AUC is equal to the proportion of times that for any pair of cells where buckthorn is present in one cell and absent from the other, the model predicts a higher probability of buckthorn presence in the occupied cell (Hosmer and Lemeshow 2000) . AUC ranges from zero to one where one is perfect discrimination ability and 0.5 is no discrimination. As a rule of thumb an AUC larger than 0.7 is considered acceptable (Hosmer and Lemeshow 2000) .
Spread model
To model the spread of buckthorn, a hybrid GLMM was created. This hybrid GLMM models the probability of a cell becoming invaded by buckthorn based on the cell's habitat suitability and the probability of a seed being dispersed to that cell. The probability of a seed being dispersed to a cell was modelled based on the presence of buckthorn in neighbouring cells.
The spread of buckthorn was modelled using three different time-series for each cell. The first time-series is based on the age of the oldest buckthorn in the cell and indicates when a cell was invaded by buckthorn. The years after buckthorn invaded a cell were excluded from the time-series because it was assumed that buckthorn would remain in the cell once it had invaded it. The two other time-series indicate how many first and second order neighbour cells contained buckthorn at each time step of the first time-series. First order neighbours are the eight cells adjacent to the focal cell in a queen pattern. Second order neighbours are the twelve cells that are adjacent to the first order neighbours excluding the diagonal. All time-series are limited to between ten years before the time of data collection and fifty years before the data collection. This approach was chosen because tree age was not known for trees smaller than 2.5 cm basal diameter, because they could not be cored, and these trees should be excluded from analysis. Since the smallest cored tree was five years old, limiting the time-series to a start date ten years before data collection ensured that only trees with known age were included.
The hybrid GLMM spread model was a binomial model with a logit link, which used the buckthorn invasion event as the response variable. The explanatory variables were the centred habitat suitability, year, and the number of first and second order neighbour cells containing buckthorn; sampling area was used as a random effect. Habitat suitability was centred by subtracting the mean habitat suitability from each cell's habitat suitability. This was done so that the model intercept would reflect the probability of a cell being invaded by buckthorn when a cell had average habitat suitability. The variable year was quantified as ''years before data collection.'' This year variable is important because the population of buckthorn in the case study area is expected to have been lower in the past since it is an invasive species and as a result there would have been a lower propagule pressure in the past leading to a smaller probability of invasion. The year variable therefore accounts for the increasing probability of any cell being invaded by long-distance dispersal, while shortdistance dispersal is modelled explicitly by including the number of first and second order neighbour cells containing buckthorn in the model. The relationship of the response variable with the number of first and second order neighbour cells containing buckthorn was examined with the help of a generalized additive model that was fit using the gam function of the mgcv R package (Wood 2011) .
The discrimination ability of the spread model was again determined with leave-one-out cross-validation. The fit of the model was validated by plotting cumulative residuals versus the response variable and the explanatory variables using the cumres function of the gof R package (Holst 2014; Thiele and Markussen 2012) . Since the cumres function does not accept GLMM models, a generalized linear model was fit, with sampling area as fixed effect, for the validation step. The cumulative residual method for model validation involves comparing the cumulative sum of residuals observed in the model to simulated cumulative residuals, which reflect the expected random variation within the data (Lin et al. 2002) . If the observed residuals are within the range of the simulated residuals, then any fluctuations in the residuals can be attributed to random variation and the null hypothesis that the model is correctly specified cannot be rejected. The cumres function also utilizes two goodness-of-fit tests, the Kolmogorov-Smirnov test and the Cramervon-Mises test, which quantitatively evaluate whether the observed cumulative residuals are significantly different from expectations due to random variation (Lin et al. 2002) .
Autocorrelation in the spread model could be present both as spatial autocorrelation or temporal autocorrelation. The residual spatial autocorrelation for the spread model was tested by plotting a semivariogram for the data from years 10 to 20 before data collection and over distances from 0 m to 400 m. Temporal autocorrelation was tested by plotting the semivariogram based on the distance in time between data points for the same cell. The semivariance at each time lag was then averaged over all cells in five randomly selected sampling areas. A subset of the dataset was used for both the spatial and temporal autocorrelation to reduce the computational requirements for creating the semivariograms. The function variog of the geoR R package (Diggle and Ribeiro 2007) was used to plot both semivariograms.
Results
This is a summary of the results. More details can be found in ''Appendix 1''.
Buckthorn distribution
Buckthorn was present in all 15 sampling areas though great differences were found among sampling areas in the number of cells containing this species, ranging from 2 to 168. The average age of all cored buckthorn trees was approximately 14 years and the oldest tree recorded was 56 years old. The number of cells occupied by buckthorn was low from the 1950s into the 1970s, increased almost exponentially during the 1980s, and increased linearly during the 1990s and early 2000s (Fig. 2) .
Habitat suitability
The model simplification indicated that the minimal acceptable model was a model that included Permea, PatchDist, and Land Cover (LC) as explanatory variables.
Buckthorn Presence$Permeaþlog10ðPatchDist þ1Þ þLC:
The Wald test showed that all coefficients in the minimal acceptable model were significant, except the Swamp level of LC and the Low level of Permea (Table 2) . Based on the results of the leave-one-out cross-validation, the AUC for this model was calculated to be 0.63, which is considered poor discrimination (Hosmer and Lemeshow 2000) .
The correlograms for the minimal acceptable model showed that some spatial autocorrelation was present within sampling areas. The model was tested using within sampling areas spatial correlation structures but the results did not indicate a substantial reduction in the Pearson residuals. Therefore, the model without a spatial autocorrelation term was used for the remaining analyses.
Spread model
To account for the positive effect, observed in the GAM, of buckthorn presence in first order neighbours on buckthorn invasion probability, a binary variable of buckthorn presence in first order neighbour cells was included. This variable had a significant effect on the probability of buckthorn invasion (Table 3) . Habitat suitability and year also had significant effects on the probability of buckthorn invasion (Fig. 3) . Using the explanatory variables mentioned above, the semivariogram for the spatial autocorrelation in the spread model showed the presence of weak (nugget-to-sill ratio of approximately 0.045:0.060) residual autocorrelation. Additionally, the semivariogram for the temporal autocorrelation indicated the presence of nonstationarity in the model residuals with respect to time. The GLM model coefficients were within one standard error of the GLMM coefficients so we were able to use the GLM to produce cumulative residuals to evaluate the GLMM model (GLM results not shown). The cumulative residual plots showed that the observed cumulative residuals are in the expected range for all the variables but not for the model results (Fig. 4) . Solid circles represent years in which age data was available, open circles represent years which were excluded because tree age data was not available due to trees being too small to core (i.e., \2.5 cm in basal diameter). The number of occupied cells was calculated based on the age of the oldest buckthorn in the cell and assuming that this was the first buckthorn to occupy the cell spread model and habitat suitability model is presented in Fig. 5 .
Discussion
We found that modeling the distribution of buckthorn through a spread model was far more effective than with the habitat suitability model. Especially at local scales, habitat suitability alone is not enough to create meaningful predictions of invasion probability. In our study, this was reflected by the fact that both the spatial effect of buckthorn presence in surrounding cells and the habitat suitability of a cell were significant to the probability of buckthorn invasion. Our results suggest that although habitat suitability is an important factor for predicting buckthorn invasion, including the impact of local dispersal through the presence of buckthorn in first order neighbour cells substantially improved the discrimination of the model. Similarly to our results, found that including the effect of infected neighbour cells improved predictions of colonization of a site by the invasive Argentine ant (Linepithema humile, Mayr). The importance of hybrid models as a tool for predicting the spread of invasive species has also been highlighted by other studies (Catterall et al. 2012; Cook et al. 2007; Fennell et al. 2012; Smolik et al. 2010) . The habitat suitability model predicted that cells near the edge of a forest with medium-low permeability are most likely to contain buckthorn. The finding of an effect of forest edges is consistent with expectations based on previous studies that found that buckthorn grows well under these conditions . It is harder to explain the effect of medium-low permeability on buckthorn presence because buckthorn is known to grow on a wide range of soil moistures ). Our finding of low habitat suitability for cells with variable permeability may have been caused by the infrequent occurrence of cells with variable permeability in our study. These cells were found only in three sampling areas, one of which is located in an urban area where buckthorn presence may have been reduced by human management. In contrast, cells with medium-low permeability were predominantly encountered in the three sampling areas with the highest proportion of cells occupied by buckthorn. The literature provides evidence of complex relationships between buckthorn's genetic makeup, its phenotypic plasticity of soil moisture tolerance, and permeability of the The p value is based on a Wald test comparing the coefficient estimate to zero. Here, trans is the probability of a cell transitioning to buckthorn present, (neigh1 [ 0) is the binary variable for having any first order neighbours containing buckthorn, neigh1 is the number of first order neighbours that contain buckthorn, (neigh2 [ 0) is the binary variable for having any second order neighbours containing buckthorn, neigh2 is the number of second order neighbours that contain buckthorn, hsc is the centred habitat suitability, year is the number of years before the present and ID_1 is the sampling area surficial material that may impact habitat suitability for buckthorn Kurylo et al. 2007 Kurylo et al. , 2015 . Additionally, it is possible that the effect of permeability found in our study is due to a different, unknown process correlated with permeability. For example, the Region of Waterloo is characterized by east to west changes in permeability (from mediumlow to high to low) and other environmental factors could coincide with these changes in permeability. Alternatively, our finding of high habitat suitability of medium-low permeability cells could be related to the historical spread of buckthorn, as indicated by the high proportion of very old buckthorn in two of the sampling areas with medium-low permeability. However, it is also important to note that the standard errors for the habitat suitability model are fairly high relative to the absolute value of the coefficient estimates. Therefore the 95% confidence intervals for the probability of buckthorn presence for cells with different environmental characteristics overlap and may lead to Fig. 3 a The relationship between the probability of buckthorn invasion and the centred habitat suitability with four different numbers of invaded first order neighbours, when year = 1; b The relationship between the probability of a cell transitioning from buckthorn absent to present and the centred habitat suitability with four different numbers of invaded second order neighbours, when year = 1; c The relationship between the probability of a cell transitioning from buckthorn absent to present and year when there are zero invaded first or second order neighbours, and centred habitat suitability = 0; d The relationship between the probability of a cell transitioning from buckthorn absent to present and the number of invaded first order neighbours, when year = 1 and centred habitat suitability = 0
Modelling the spread of European buckthorn 3003 spurious conclusions about relationships between environmental characteristics and buckthorn presence. Nevertheless, our findings may indicate the need for further inquiry through additional studies of buckthorn habitat suitability. The strong relationship between the probability of buckthorn invasion and the presence of buckthorn in first order neighbours suggests that local dispersal, of less than 50 m from one cell to an adjacent cell, is the most likely. It appears that the majority of buckthorn fruits fall below the parent tree and are not moved long distances (Archibold et al. 1997 ). However, our study also provides evidence for the occurrence of longdistance dispersal (dispersal over distances of greater than 75 m) at lower frequencies, since the probability of a cell being invaded is greater than zero even when Fig. 4 there are no neighbouring cells containing buckthorn. These findings are consistent with expectations based on other studies, which show that the spread of many invasive species benefits from rare long-distance dispersal events (Cook et al. 2007; Fennell et al. 2012; Hastings et al. 2005; Higgins et al. 1996; Kot et al. 1996) .
A factor that may impact the ability of buckthorn to invade an area is its history of disturbance. The field observations for the current study showed that although buckthorn was found in every single forest visited, more mature forests appeared to contain fewer buckthorn trees. This lack of buckthorn in mature forests might indicate that these forests have some ability to resist the invasion of buckthorn (McCay et al. 2009) or that regenerating forests may contain pioneering buckthorn from previous invasions of the non-forested area. Burnham and Lee (2010) found that glossy buckthorn, a close relative of European buckthorn, was 96 times more common in areas disturbed by logging. Though disturbance data was not available for the whole study landscape and therefore this factor could not be included in the model, subsequent versions of the spread model might be modified to address the effects of disturbance agents.
Buckthorn management
The hybrid GLMM spread model developed in this study can be used as a tool for predicting the spread of an invasive species without the often prohibitive level of sampling effort required by other modeling strategies (i.e., Smolik et al. 2010; Catterall et al. 2012; Cook et al. 2007; . Complete samples of a whole region are particularly difficult to acquire for local scale land managers working on constrained budgets who nevertheless are often the best placed to control invasive species (EpanchinNiell and Hastings 2010). Our modeling approach avoided this problem by developing a model that only required a representative sample of a study region for parameterization. While our model required a significant amount of sampling effort, it was considerably less than would be needed to create a continuous sample of the entire region, which is necessary for existing statistical models (Hastings et al. 2005) . Our approach gives an example of a modelling method that could be used for different regions and different species. In addition, the model shown could be used within the Region of Waterloo and some of the results could be used to inform decision-making in other regions with similar levels of buckthorn invasion. Predicting local scale invasions is necessary to inform decision-making about how to control invasive species (Epanchin-Niell and Hastings 2010) . Our hybrid GLMM spread model allowed for the estimation of the probability of invasion of a local site from a distant propagule source outside the sampled area. For example, in the Region of Waterloo the probability of a cell with average habitat suitability and no invaded neighbouring cells to be invaded over one year is predicted to be 0.014. This information gives land managers the ability to predict the probability of buckthorn invading an area that does not have any buckthorn in the immediate vicinity but where buckthorn is known to be present in the more distant surrounding landscape. Our model can also be used to predict the time it would take for buckthorn to reinvade an area after a successful eradication of all local buckthorn. The ability to predict the time for reinvasion would allow land managers to assess whether buckthorn eradication is worthwhile (e.g., if time for re-invasion is long) or demonstrate the need for continued long-term management after an initial buckthorn removal (e.g., if time for re-invasion is short).
The results of our investigations show that buckthorn is a growing problem within the study area. The time series created from buckthorn cores shows that the abundance of buckthorn has been increasing over the last fifty years. The probability of uninvaded sites becoming invaded is also increasing. It is therefore important to take action now to control buckthorn because further delays to control efforts will make subsequent action only more expensive and difficult as buckthorn is becoming more and more prevalent.
Limitations
There were a number of limitations which may have impacted the results of this study. Many of these limitations also present interesting directions for future work.
• The removal of interaction terms between environmental variables in the habitat suitability model due to insufficient sampling for some combinations of variables was a limitation of this study. This could have been avoided by using a stratified sampling approach. However, that would have biased our sampling and caused the population-level results (e.g., the total number of cells invaded by buckthorn) to be less representative of the study region.
• Including presence of buckthorn in neighbouring cells in the spread model may have accounted for environmental factors that were not included in the habitat suitability model. However, which factors these might be is unclear at this point and would have to be investigated in subsequent studies.
• The possible misclassification of land cover types is another factor that could have caused errors in the habitat suitability model. The classification accuracy of the SOLRIS data is 73.3% ± 3.3%. However, when a fuzzy error matrix is used where different types of forest are acceptable classifications, the accuracy is 85.5% (Ontario Ministry of Natural Resources 2008a). The fuzzy error matrix is more relevant for our analysis because the easily confused forest classes are combined within our model.
• In addition, SOLRIS land cover classes may not be detailed enough to separate habitats that are suitable for buckthorn since establishment is impacted by a wide range of factors.
• An additional source of error in the model is the spatial accuracy of the data. Spatial accuracy of data was ±10 m for both the GPS used in fieldwork and the SOLRIS data, which may have caused cells to be assigned the wrong land cover class.
• It is important to note that there is greater uncertainty in the spread model than is apparent from the standard errors due to the propagation of errors from the habitat suitability model to the spread model. All the limitations and sources of error for the habitat suitability model also affect the spread model. Therefore the significance of the relationship between buckthorn invasion and centred habitat suitability should be interpreted cautiously.
• Another limitation of the hybrid model is that it did not consider the effect of buckthorn age on the number of seeds produced ). Doing so might have improved the model's performance but would have added to the complexity of the model and therefore was not attempted.
• In addition, there may have been errors in the calculation of buckthorn age based on the number of tree rings because of difficulty in deciphering rings and estimates used when the pith of the tree was missed.
• Non-stationarity in the temporal semivariogram is another possible source of errors in the hybrid model. However, the semivariance only increases for long time lags that are represented by smaller amounts of data and therefore are not reliable. It would be useful to compare the current approach to one using a generalized estimating equation (GEE) model. However, a GEE approach was not used because of the difficulty of implementing the appropriate association structure for GEE with binary data, which is not currently available in the gee R package (Zuur et al. 2009 ).
• Finally, the cumulative residuals plots showed some unexplained variation in the results for the model predictions indicating that there may be other factors that are not included in this model which impact the spread of buckthorn.
Although some of these limitations are significant, this study still provides a useful new method for modeling an invasive species.
Conclusion
We developed a model that is able to predict the spread of an invasive plant at small scales with the advantage of requiring only a limited sampling effort for parameterization of the model. Our use of a GLMM to model spread, based on habitat suitability and the presence of buckthorn in firstorder and second-order neighbouring cells, is a novel approach that had the additional benefit of providing information about the probability of long distance dispersal to any cell in the landscape. One of the important functional abilities of the model is that it enables land managers to predict the probability of re-invasion of an area where invasive species management has occurred and the invasive species has been eradicated. The probability of reinvasion can be assessed without requiring complete surveying to determine the distribution of the invasive species in the entire surrounding landscape, which allows the application of limited resources to be targeted at the control of the invasive species directly instead of at costly surveying work.
Habitat suitability
The univariable logistic regressions indicated that all explanatory variables had a significant relationship (p \ 0.25) with the presence of buckthorn, except for NearPropLine (distance to the nearest property line) and CTI (compound topographic index). Therefore NearPropLine and CTI were excluded from subsequent analyses. The formula for the maximal model was:
where Material indicates surficial geology, Permea is permeability of the surficial material, PatchDist is the distance from the centre of a cell to the edge of the nearest wooded patch, and Land Cover is land cover class.
The maximal model failed because of collinearity between Material and Permea. Since the univariable logistic regressions indicated that the Silt level of Material did not fit well, Material was removed from the model. Additionally, the interaction term was removed at this point. Although a likelihood ratio test showed that the model with the interaction provided a better fit than the model without the interaction, the coefficient for the interaction term had an excessive standard error (-12.20 ± 240) .
The model simplification indicated that the minimal acceptable model was a model that included Permea, PatchDist, and Land Cover as explanatory variables. The Wald test showed that all coefficients in the minimal acceptable model were significant, except the Swamp level of Land Cover and the Low level of Permea (Table 2) . Based on the results of the leaveone-out cross-validation, the AUROC for this model was calculated to be 0.63, which is considered poor discrimination (Hosmer and Lemeshow 2000) .
The correlograms for the minimal acceptable model showed that some spatial autocorrelation was present within sampling areas. To account for spatial autocorrelation, we tried including a spherical correlation structure term that produced a model with a range of 25 m and a nugget of 0.95. This model effectively produced the same coefficients as the model without the spatial autocorrelation term (coefficient estimates within one standard error from each other; results not shown). The correlograms of the Pearson residuals for the model with spatial autocorrelation term are very similar to the model without the spatial autocorrelation term. An exponential correlation structure was tested with similar results. Since the results did not indicate a substantial reduction in the Pearson residuals through inclusion of within sampling areas spatial correlation structure, the model without a spatial autocorrelation term was used for the remaining analyses.
Spread model
Visual investigation of the GAMs showing the relationships between the number of first and second order neighbours with buckthorn and the probability of buckthorn invasion, suggested a non-linear positive effect of the number of first order neighbour cells on the probability of buckthorn invasion. The largest change in invasion probability occurred when the number of first order neighbours with buckthorn increased from zero to one. Further increases of neighbour cells with buckthorn resulted in less pronounced changes to the invasion probability (Table 3) . Neither the presence of second order neighbour cells with buckthorn nor their exact number had a significant effect (Table 3) . Accordingly, to account for the positive effect of buckthorn presence in first order neighbours on buckthorn invasion probability, we introduced a binary variable of buckthorn presence in first order neighbour cells.
Habitat suitability and year also had significant effects on the probability of buckthorn invasion (Fig. 3) . Using the explanatory variables mentioned above, the semivariogram for the spatial autocorrelation in the spread model showed the presence of weak (nugget-to-sill ratio of approximately 0.045:0.060) residual autocorrelation. Additionally, the semivariogram for the temporal autocorrelation indicated the presence of nonstationarity in the model residuals with respect to time. The GLM model coefficients were within one standard error of the GLMM coefficients so we were able to use the GLM to produce cumulative residuals to evaluate the GLMM model (results not shown). The cumulative residual plots showed that the observed cumulative residuals are in the expected range for all the variables but not for the model results (Fig. 4) . The model presented good discrimination with an AUROC of 0.88.
